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Abstract 
In this paper, artificial bee colony (ABC) algorithm is employed to find out the optimal combinations of process parameters in 
ECM of EN 31 steel for maximum material removal rate (MRR) and minimum surface roughness (Ra). Experiments are carried 
out to establish an empirical relationship between process parameters and responses using response surface methodology (RSM). 
Four process parameters viz. electrolyte concentration, voltage, feed rate and inter-electrode gap are considered in this study. The 
developed second order response equations from RSM are used as the objective function in ABC algorithm. The optimum 
combination of process parameters are obtained from the analysis and the corresponding value of maximum MRR and minimum 
Ra are also obtained separately. Then a multi-objective optimization is implemented to calculate the best solutions formaximum 
MRR and minimum surface roughness simultaneously using ABC.Confirmation tests are carried out to check the validity of the 
study. It is seen that the results of confirmation tests show a good agreement with the predicted results. Also, variations of 
responses with process parameters are studied using 3D surface plots. Finally, the surface morphology is studied with the help of 
scanning electron microscopy (SEM). 
© 2014 The Authors. Published by Elsevier Ltd. 
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1. Introduction 
Electrochemical machining (ECM) provides an economical and effective method for machining high-strength, 
heat-resistant materials into complex shapes which are difficult to machine by conventional techniques. It is based 
on controlled anodic electrochemical dissolution process of the work-piece with the tool [1]. In ECM, the metal 
alloy (the anode or work-piece) is removed by electrochemical oxidation and dissolution, by applying a voltage 
which induces a current between the work-piece and a counter electrode (cathode or tool). During this process, the 
tool is advanced towards the work-piece at a controlled rate in an electrolyte solution, and control of the resulting 
work-piece form is achieved by ensuring migrational mass transport and using an appropriately shaped tool [2]. 
ECM generates no burrs, no stress, and has a longer tool life, with damage-free machined surface, high material 
removal rate, and surface quality. ECM process is originally designed for manufacturing complex shaped 
components in defence and aerospace industries and can be extended to many other industries such as automotive, 
forging dies, electric and surgical components, and, recently, in miniature manufacturing [3]. In today’s 
manufacturing industry, special attention is given to surface finish as well as higher material removal rate (MRR). 
Surface quality is an essential requirement in machining process because of its impact on product performance. The 
characteristics of machined surfaces have significant influence on the ability of the material to withstand stress, 
temperature, friction and corrosion [4]. Proper selection of machining parameters for the best process performance is 
still a challenging job. Several researchers carried out various investigations for improving the process performance. 
Chakradhar and Gopal [5] have investigated the optimization of an ECM process performed on EN31 steel 
considering electrolyte concentration, feed rate and applied voltage as process parameters. They have optimized the 
multi response viz. MRR, overcut, cylindricity error and surface roughness using grey relation analysis. Neto et al. 
[6] have studied the intervening variables in ECM. They have also studied MRR, roughness and over-cut 
considering four process parameters viz. feed rate, electrolyte, flow rate of the electrolyte and voltage. Rao et al. [7] 
have discussed about the values of important process parameters of ECM processes such as the tool feed rate, 
electrolyte flow velocity, and applied voltage in optimizing the measures of process performance including 
dimensional accuracy, tool life, MRR and machining cost. Bhattacharyya et al. [8] have investigated the influence of 
tool vibration on machine performance such as MRR and accuracy in electrochemical micro-machining of copper. 
Munda and Bhattacharyya [9] have optimized pulse on/off ratio, voltage, electrolyte concentration, voltage 
frequency and tool vibration frequency of multiple performance characteristics including MRR and radial overcut 
(ROC) using response surface methodology (RSM) in electrochemical micro machining (EMM) of copper plates. 
Kumar et al. [10] have used both Taguchi technique and regression analysis to maximize MRR in ECM process of 
A356/SiCp composite. Asokan et al. [11] have developed a regression and artificial neural network (ANN) model of 
process performance (MRR and surface roughness) with control parameters (current, voltage, flow rate and inter 
electrode gap) in ECM of hardened steel. Burger et al. [12] have investigated the influences of machining 
parameters on MRR and surface roughness in ECM/PECM of nickel-base single-crystal alloy (LEK94). Bahre et al. 
[13] have attempted to model and optimize the pulse electro chemical machining (PECM) process using RSM. The 
machining parameters considered in the study are voltage, pulse on time, frequency, feed rate and pressure and the 
multiple responses are MRR and surface roughness (Ra). They have also tried to optimize MRR and Ra prediction 
model using RSM. Samanta and Chakraborty[14] have used artificial bee colony (ABC) algorithm for parametric 
optimization on MRR, over-cut (OC) and heat affected zone (HAZ) in some non-traditional machining process 
including ECM, electrochemical discharge machining and electrochemical micro-machining. Karaboga and 
Akay[15]have compared the performance of the ABC algorithm with that of genetic algorithm (GA), particle swarm 
optimization (PSO) and different evolution (EV) on a large set of unconstrained test functions and they have 
concluded that performance of ABC is better than the other similar type population based algorithm. It uses less 
control parameters and it can be efficiently used for different single objective and multi-objective optimization 
problem. 
The aim of the present investigation is to analyze the effects of electrolyte concentration, voltage, feed rate and 
inter-electrode gap on MRR and surface roughness such as centre line average roughness (Ra) by artificial bee 
colony (ABC) algorithm during electrochemical machining of EN 31 steel using copper tool. Experiments are 
conducted using a face centre cubic (FCC) design of experiments. Response surface methodology (RSM) is used to 
develop mathematical models for output responses and the developed models are used as the objective functions for 
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the optimization purposes. The process parameters are optimized to get the desired surface finish with maximum 
material removal rate using artificial bee colony algorithm. Confirmation tests are carried out to validate the 
analyses. Effects of process parameters on the responses are investigated using three dimensional surface plots. 
Finally, the surface morphology is studied with the help of scanning electron microscopy (SEM) images. 
2. Experimental details 
2.1. Experimental setup and procedure 
Experiments are conducted on METATECH (ECMAC) electrochemical machining equipment. The ECM setup 
consists of machining chamber, control panel, electrolyte circulation system. The work-piece is fixed inside the 
machining chamber and the cathode (tool) is attached to the main screw which is driven by a stepper motor. For 
avoiding short-circuits, a current sensing circuit is interfaced between the tool and the stepper motor controller 
circuit. If the current exceeds an acceptable limit, a signal is sent to the stepper motor controller circuit which 
immediately reverses the downward motion of the tool. The electrolyte is pneumatically pumped through a 
reservoir. The metal is mainly removed in the form of sludge’s and precipitates by electrochemical and chemical 
reactions occurring in the electrolyte cell. In this way, even hardest possible material can be given a complicated 
profile in a single machining operation. In this study, the collection of experimental data adopts the face centre cubic 
(FCC) design of experiments with three levels of each of the four design factors [16] The pertinent process 
parameters selected for present investigation are electrolyte concentration (X1), voltage (X2), feed rate (X3) and 
inter-electrode gap (X4). FCC consists of fractional factorial points with 16 corner points, eight axial points and 
seven centre points. The design is generated using MINITAB 16.0 statistical package. Table 1 shows the factors and 
their levels in coded and actual values. Experimental design matrix is presented in Table 2. 
Table 1. Experimental parameters and their levels 
Design factors Unit Notation 
Levels 
-1 0 1 
Electrolyte concentration % X1 15 20 25 
Voltage V X2 8 10 12 
Feed rate  mm/min X3 0.1 0.2 0.3 
Inter-electrode gap mm X4 0.2 0.25 0.3 
MRR and surface roughness parameter are selected as response variables in the present study. The work-pieces 
are weighed before and after each experiment using an electronic balance (Afcoset) with a resolution of 0.01 mg to 
determine the value of MRR. Roughness measurement is done using a stylus-type profilometer, Talysurf (Taylor 
Hobson, Surtronic 3+). Roughness measurements in the transverse direction on the work-pieces are repeated five 
times and average of five measurements of surface roughness parameter values are recorded. 
2.2. Selection of work-piece, tool materials and electrolyte 
Rectangular block of 20 mm x 20mm and 25 mm height made of EN31 steel which is a high carbon alloy steel 
with high degree of hardness, compressive strength and abrasion resistance is chosen as work-piece. It is popularly 
used in automotive type applications like axle, bearings, spindle and molding dies etc. The tensile test of EN 31 steel 
is done at room temperature by using a UTM (Instron) with 100 KN grip capacity, and 8810 controller; in 
displacement-controlled mode. Chemical and mechanical properties of EN 31 steel are listed in Table 3. Micro 
hardness of EN 31 steel is found as 371 HV using Micro Hardness Tester, (UHL VMHT). The tool is coated with a 
layer of 200 μm with epoxy powder resin, except for the base of the tool to avoid machining due to stray current. 
The base of the tool is the machining area. Electrolyte is axially fed to the machining zone through a hole provided  
centrally in the tool. KCl solution is chosen as electrolyte, as it has no passivation effect on the surface of the work-
piece. 
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Table 2. Experimental design matrix and results 
Exp. 
No. 
X1 X2 X3 X4 
MRR 
(gm/min) 
Ra 
(μm) 
Exp. 
No. 
X1 X2 X3 X4 
MRR 
(gm/min) 
Ra (μm) 
1 20 10 0.3 0.25 0.6788 2.00 17 15 12 0.1 0.2 0.376 2.74 
2 15 8 0.1 0.2 0.348 2.57 18 25 10 0.2 0.25 0.4511 2.19 
3 25 8 0.1 0.2 0.2971 1.77 19 20 10 0.2 0.25 0.2615 2.19 
4 20 10 0.2 0.25 0.2615 2.19 20 15 12 0.1 0.3 0.3474 1.99 
5 15 8 0.1 0.3 0.2173 1.78 21 15 10 0.2 0.25 0.726 2.22 
6 25 12 0.3 0.2 1.01 1.89 22 25 8 0.1 0.3 0.1599 2.29 
7 20 12 0.2 0.25 0.3288 2.35 23 25 12 0.1 0.2 0.4251 2.20 
8 20 10 0.1 0.25 0.1232 2.35 24 15 8 0.3 0.3 0.7359 1.55 
9 20 10 0.2 0.25 0.2615 2.19 25 20 10 0.2 0.3 0.194 2.39 
10 20 10 0.2 0.25 0.2615 2.19 26 15 12 0.3 0.3 0.9011 1.81 
11 15 12 0.3 0.2 0.8555 2.42 27 25 12 0.3 0.3 0.9133 2.81 
12 25 12 0.1 0.3 0.2991 2.43 28 20 8 0.2 0.25 0.1628 0.19 
13 20 10 0.2 0.25 0.2615 2.19 29 20 10 0.2 0.25 0.2615 2.19 
14 25 8 0.3 0.3 0.6811 2.25 30 15 8 0.3 0.2 0.8017 2.58 
15 20 10 0.2 0.25 0.2615 2.19 31 25 8 0.3 0.2 1.01 1.633 
16 20 10 0.2 0.2 0.2935 2.25        
      Table 3.Chemical and Mechanical properties of EN 31 tool steel 
Work-piece material Chemical composition (wt%) Mechanical property 
EN 31 tool steel 1.07% C, 0.57% Mn, 0.32% Si, 0.04% P, 
0.03% S, 1.13% Cr and 96.84% Fe 
Modulus of Elasticity-197.37 GPa, Yield Strength (2% 
Strain Offset)-528.97 MPa, Ultimate Tensile Strength-
615.40 Mpa and Poisson’s Ratio-0.294 
3. Artificial bee colony algorithm 
Inspired by the intelligent foraging behavior of honey bees, ABC algorithm for optimizing numerical problems is 
introduced [17]. It can be noted that three parameters are of prime importance in the foraging behavior of honey 
bees, those are, food source (nectar), employed foragers and unemployed foragers, and the foraging behavior leads 
to two modes, i.e., recruitment of nectar source and abandonment of nectar source. In ABC, the colony of artificial 
bees contains generally two groups of bees: employed bees and onlooker bees. The employed bees have all the idea 
about the food source (nectar position) and quality of food (nectar amount). In the hive, all the employed bees with 
all their information of foods started waggle dance. This dance is the indication of all the characteristics of their 
foods, i.e., the amount as well as quality of foods. In the hive there are also some unemployed bees called onlooker 
bees. They watch the waggle dance and get the information about all the food sources and are attracted to the best 
food source. In the next stage, the onlooker bees become employed and they start consuming the nectar from the 
best food source. When this food source becomes abandoned, the employed bee become a scout bee and starts to 
find new food source. As early as a scout finds a new food source it becomes an employed bee and the cycle goes on 
until the best food source (optimum solution) is obtained. In the ABC algorithm the number of employed bee and 
onlooker bee is equal to the number of solutions in the population. 
The artificial bee colony algorithm consists of four main phases viz. initialize phase, employed bee phase, 
onlooker bee phase and scout bee phase. The clarification of each phase is defined [18] as follows: 
Initial phase: 
At the first step, the ABC algorithm generates a randomly distributed initial population containingNS solution. 
Where NS is the number of food sources and is equal to the number of employed bees. Since each food source iX is 
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a solution vector to the optimization problem, each iX  vector holds n variables, ij( X , j 1.........n )  which are to be 
optimized. After initialization, the solution is subjected to repeated cycles C 1.......MCN (maximum cycle 
number). This is for the search process of the employed bees, onlooker bees and scout bees. 
Employed bee phase: 
Employed bees search for new food sources ijV having more nectar within the neighborhood of the food source 
ij( X ) in the memory. They find a neighbor food source and then evaluate its profitability (fitness). The neighbor 
food source ijV can be determined by using the formula given by: 
ij ij ij ij kjV X r ( X X )            (1) 
where kjX is the randomly selected food source, i is randomly chosen parameter index K iz and ijr is a random 
number within the range of (0,1). After producing the new food source ij(V ) , its fitness is calculated and a greedy 
selection is applied between ijV and ijX . This fitness value is the indication of waggle dance of the employed bee. 
Algorithm 
1: Initialize the population of solution Xi, i = 1 (1) NP  
2: Evaluate the population, cycle 1, k = 0.  
3: Memorize the best solution, Xbest and set Xbest1 = Xbest 
4: Repeat (Exploration phase)  
5: Produce new solution Xnew = Vi for the employee bees and evaluate them.  
6: Apply the greedy selection process for the employed bees.  
7: Rank the population and calculate the fitness.  
8: Calculate the probability Pi for the solution Xi.  
9: Produce the new solution Vi for the onlookers from the solution selected depending on Pi 
and evaluate them.  
10: Apply the greedy selection process for the onlookers.  
11: Determine the abandoned solution for the scout if exist, and replace it with a new randomly 
 produced solution Xi.  
12: Memorize the best solution Xbest achieved so far.  
13: Set k = k + 1; cycle = cycle + 1.  
14: Until (termination condition is met, i.e., cycle = MCN) 
 
Onlooker bee phase: 
Unemployed bees consist of two groups of bees: onlooker bees and scouts. The employed bees share their food 
source information with onlooker bees waiting in the hive and then onlooker bees choose their food source 
depending on the probability values calculated using the fitness values provided by employed bees. The probability 
value iP  with which iX is chosen by an onlooker bee can be calculated by: 
i i
i n
i ii 1
fitness ( X )P
fitness ( X ) 
 ¦                  (2) 
After a food source iX for an onlooker bee is probabilistically chosen, a neighborhood source iV is determined by 
using Eq. 1, and its fitness value is computed. As in the employed bees phase, a greedy selection is applied between 
iV and iX  Hence, more onlookers are recruited source and positive feedback behavior appears. 
Scout bees phase: 
Employed bees whose solutions cannot be improved through a predetermined number of trials, specified by the 
user of the ABC algorithm and called “limit” or “abandonment criteria” herein, become scouts and their solutions 
are abandoned. Then, the converted scouts start to search for new solutions, randomly. For instance, if solution 
iX has been abandoned, the new solution discovered by the scout that was the employed bee of iX . 
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4. Results and discussion 
Experimental results for MRR and Ra are presented in Table 2. To develop the objective functions, response 
surface methodology (RSM) is used. RSM [16] explores the relationships between several explanatory variables and 
one or more response variables. In this work, RSM is utilized for establishing the relations between the different 
ECM process parameters with a variety of machining criteria and exploring their effects on MRR and Ra. The 
general second order polynomial response surface model, which is given below is considered to determine the 
parametric influences on the various response criteria. 
k k k
2
u 0 i i ii i ij i j
i 1 i 1 j i
Y X X X XE E E E H
  ²
        ¦ ¦ ¦                (3) 
where uY represents the corresponding response, i.e. MRR and Ra of the ECM process in the present research. iX is 
the input variables, 2iX and i jX X are the squares and interaction terms, respectively, of these input variables. The 
unknown regression coefficients are 0 i ij, ,E E E and iiE and the error in the model is depicted as ε. The second term 
under the summation sign of this polynomial equation attributes to linear effects, whereas the third term of the above 
equation corresponds to the higher order effects and lastly the forth term of the equation includes the interactive 
effects of the parameters.  
Based on Eq. 3, the proposed second-order polynomial model, the effects of the process variables on the 
magnitude of MRR and Ra have been evaluated by computing the values of the different constants by using Minitab 
software. The mathematical relationship for correlating MRR and Ra and the considered process variables in un-
coded are obtained as follows: 
u 1 2 3 4
2 2 2 2
1 2 3 4 1 2
1 3 1 4 2 3 2 4
Y ( MRR ) 3.00846 0.462356 X 0.169537 X 2.67976 X 8.23881 X
0.01197 X 0.0114438 X 10.9425 X 19.13 X 0.000764375 X X
0.0534625 X X 0.127325 X X 0.00809375 X X 0.285563 X X 0.29125 X
        
          
              3 4X        
(4) 
2
u a 1 2 3 4 1
2 2 2
2 3 4 1 2 1 3
1 4 2 3 2 4 3 4
Y ( R ) 11.8339 0.3788 X 0.1375 X 2.19 X 51.7693 X 0.0011 X
0.0130 X 5.1382 X 37.9873 X 0.0057 X X 0.0787 X X
1.365 X X 0.0147 X X 0.2918 X X 8.6463 X X
          
           
           
           (5) 
where, X1 = electrolyte concentration, X2 = voltage, X3 = feed rate and X4 = inter-electrode gap. 
The value of correlation coefficient for MRR is 97.54% and for Ra is 91.79%. The correlation coefficient values are 
high, close to 1, which is desirable. It can be said that the second-order model can explain the variation with 
accuracy, 97.54% for MRR and 91.97% for Ra. 
The corresponding computer code for the ABC algorithm is developed in MATLAB 7.8 with the following 
control parameters. Theseparameters are selected for easy convergence of the parametric optimization problems as 
shown in Table 4. 
     Table 4. Process parameters 
Number of population = 10 Number of onlooker bees = 50% of population Number of cycles = 1000 
Number of employed bees = 50% of population Number of scouts per cycle = 1 Limit = 500 
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In this study, single objective optimization for MRR and Ra are carried out for maximum MRR and minimum Ra. 
Then, the two responses (MRR and Ra) are considered together to optimize multi-objective optimizations for 
maximum MRR and minimum surface roughness. 
4.1. Single objective optimization 
To optimize the above mentioned RSM-based equations (Eq.4 and Eq.5) with the help of ABC algorithm where 
the responses are separately treated. The program has been run for 1000 iteration and every time it converges to the 
optimum solution. It reveals the robustness of the optimization. It is noticed that between these two responses, MRR 
is to be maximized and surface roughness (Ra) is to be minimized. Fig. (1a) and Fig. (1b) show the variation of 
MRR and Ra with the number of iteration. It is clear from the figures that after 38 iteration the result converges to 
the maximum MRR and after 48 iteration the result converges to the minimum Ra and then no more improvement in 
the solution is noticed. From this analysis the optimum combination of process parameters within the given range is 
obtained as electrolyte concentration of 25 %, voltage of 11 V, feed rate of 0.3 mm/min and inter-electrode gap of 
0.2 mm for maximum MRR and the optimum value of response i.e. MRR is 1.086 gm/min. On the other hand, for 
minimum Ra, a combination of electrolyte concentration of 25 %, voltage of 8 V, feed rate of 0.3 mm/min and inter-
electrode gap of 0.2 mm can be set and optimum value of response i.e. Ra is 1.49 μm. An experiment is performed 
with those optimum values of process parameters obtained from the analysis to confirm the results of the analysis. 
For single response optimization, the error is 0.36% for MRR and 0.67% for Ra. The results of the confirmation test 
show a good agreement with the predicted value. The confirmation result is shown in Table 4. 
     
Fig. 1. Convergence of the ABC algorithm (a) for MRR; (b) for Ra; convergence of the ABC algorithm (c) for multi-reponses 
4.2. Multi-objective optimization 
In this stage, a multi-objective optimization of the ECM process is carried out to maximize MRR and minimize 
the surface roughness simultaneously. So, the following optimization function is developed by Rao et al. [7]. 
1 u a 2 u
a,min max
w Y ( R ) w Y ( MRR )Min( Z )
R MRR
                   (6) 
where uY ( MRR )  and u aY ( R )  are the second order response surface equations, as given in Eq. 4 and Eq. 5, 
respectively, a,minR  and maxMRR  are the minimum and the maximum values of Ra and MRR, respectively, and 1w  
and 2w  are the weight values assigned to Ra and MRR, respectively. These weight values can be anything provided 
that sumation of the weights will be 1 and it depends on the priorities of the considered responses as set by the 
process engineers. Here, equal weights for both the responses are considered, i.e. 1 2w w 0.5  . The convergence 
of ABC algorithm for both responses i.e. MRR and Ra is shown in Fig. 1(c). The optimum combination of process 
parameters for multi-objective optimization is obtained using ABC algorithm. Thus, a combination of electrolyte 
concentration of 25 %, voltage of 8 V, feed rate of 0.3 mm/min and inter-electrode gap of 0.2 mm can be set for 
a b c 
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obtaining maximum MRR and minimum Ra. MRR and Ra values are obtained as 0.99423 gm/min and 1.49 μm, 
respectively, and the optimal solution (Z) is 0.006407. 
In order to veryfy the obtained optimal results in the case of multi-objective optimization problem, a 
confirmation test is carried out. For multi-response optimization, the error is 0.90% for MRR and 0.67% for Ra. The 
results of the confirmation test show a good agreement with the predicted result. The confirmation result is shown in 
Table 5. 
Table 4. Results of confirmation test for MRR and Ra 
Process 
parameters 
Optimu
m Value 
of MRR 
MRR 
obtained 
from ABC 
analysis 
(gm/min) 
MRR 
obtained from 
experimental 
(gm/min) 
% of 
error of 
MRR 
Optimum 
Value of 
Ra 
Ra obtained 
from ABC 
analysis (μm) 
Ra 
obtained 
from 
experimen
tal (μm) 
% of 
error of 
Ra 
Electrolyte 
concentration (%) 
25 
1.086 1.082 0.36 
25 
1.49 1.50 0.67 
Voltage (V) 11 8 
Feed rate 
(mm/min) 
0.3 0.3 
Inter-electrode 
gap (mm) 
0.2 0.2 
Table 5. Results of confirmation test for multi-responses 
Process parameters 
Optimizati
on Value 
MRR obtained 
from ABC 
analysis 
(gm/min) 
MRR obtained 
from 
experimental 
(gm/min) 
% of error 
of MRR 
Ra obtained 
from ABC 
analysis 
(μm) 
Ra obtained 
from 
experimental 
(μm) 
% of error 
of Ra 
Electrolyte concentration 
(%) 
25       
Voltage (V) 8 0.994 0.985 0.90 1.49 1.50 0.67 
Feed rate (mm/min) 0.3       
Inter-electrode gap (mm) 0.2       
4.3. Effect of process parameters on responses 
The effect of the machining parameters (electrolyte concentration, voltage, feed rate and inter-electrode gap) on 
the response variables MRR and surface roughness (Ra) have been evaluated by conducting experiments and 
analyzed using Matlab 7.8. Fig. 2 and Fig. 3 show the three dimensional surface as well as contour plots for MRR 
and surface roughness parameters as functions of the independent machining parameters. In all these figures, two of 
the four independent variables are held constant at centre level. Fig. 2 clearly reveals that MRR increases with the 
increase in electrolyte concentration, feed rate and voltage and decrease in inter-electrode gap. Increase in applied 
voltage and feed rate leads to an increase current density in the inter-electrode gap with the consequent rapid anodic 
dissolution, and hence MRR increases [19]. With the increase in electrolyte concentration, the speed of the chemical 
reaction increases and it results more MRR. The resistance between cathode and anode becomes lower due to less 
inter-electrode gap, hence MRR increases [20]. 
On the other hand, Ra decreases with increase in electrolyte concentration, feed rate and voltage and decrease in 
inter-electrode gap as exhibited in Fig. 3. Increase in tool feed rate and applied voltage, current density in the inter-
electrode gap increases, leads to lower Ra [21].  
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4.4. Surface morphology analysis 
From the SEM micrograph (Fig. 4), it is seen that, before machining the surface of EN 31 steel work-piece is 
nearly smooth and there is no globular spot. After machining, the surface becomes rougher and the operated surface 
contains plenty of globules, which are unevenly distributed due to the machining.At low voltage and feed rate, metal 
dissolution is unsteady and non-uniformity in anodic dissolution which results in poor surface finish [22].  
      
Fig. 2. 3D surface and contour plots of MRRin ECM (a) electrolyte concentration Vs inter-electrode gap; (b) feed rate Vs voltage 
      
Fig. 3. 3D surface and contour plots of Ra in ECM (a) electrolyte concentration Vs inter-electrode gap; (b) feed rate Vs voltage 
5. Conclusions 
In this paper, the artificial bee colony (ABC) algorithm is used to find the optimum combinations of process 
parameters for single objective and multi-objective problems simultaneously for maximum MRR and minimum Ra 
in ECM of EN 31 steel. The machining variables included in this study are electrolyte concentration, voltage, feed 
rate and inter-electrode gap. The design of experiment is done using FCC design of experiments with 31 
experimental runs. The data obtained are used to develop the objective functions of responses. The optimum values 
obtained from the analysis show a good agreement with that of experimental values. 3D response plots are analyzed 
to study the effects of various process parameters on responses. Electrolyte concentration and feed rate and voltage 
are the most significant parameters on responses. The surface morphology is also studied with the help of scanning 
electron microscopy (SEM) images. 
 
a b 
a b 
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Fig.4. SEM micrographs (a) before machining; (b) after machining 
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